Satellites have provided large-scale monitoring of vegetation for over three decades, and several satellite-based Normalized Difference Vegetation Index (NDVI) datasets have been produced. Here we intercompare four long-term NDVI datasets based largely on the AVHRR sensor (NDVIg, NDVI3g, STAR, VIP) and three datasets based on newer sensors (SPOT, Terra, Aqua) and evaluate the effectiveness of homogenizing the datasets using the green vegetation fraction (GVF) and the impact it has on phenology trends. Results show that all NDVI datasets are highly correlated with each other. However, there are significant differences in the regression slopes that vary spatially and temporally. There is a general trend towards higher maximum annual NDVI over much of the temperate forests of the US and a longer greening period due mostly to a delayed end of the season. These trends are less well-defined over rainfall dependent ecosystems in Mexico and the southwest US Compared with the NDVI datasets, the derived GVF datasets show more one-to-one relationships, have reduced interannual variation, preserve their relationships better over the entire time period and are characterized by weaker trends. Finally, weak agreement between the trends in the datasets stresses the importance of using multiple datasets to evaluate changes in vegetation and its phenology.
Introduction
Understanding ecosystem responses and feedbacks to a changing climate in a complex environment requires vegetation datasets that are consistent, accurate, and precise and directly represent real biophysical parameters of a vegetation ecosystem. Ecosystem changes are caused by a variety of factors both natural and anthropogenic including land use changes [1] , invasive species [2] , climate change [3, 4] and increases in carbon dioxide [5] . Furthermore, dynamic vegetation models that simulate long-term vegetation growth require accurate vegetation datasets for validation in order to provide confidence in prognostic forecasts of vegetation change due to the factors listed above.
The most accurate way to detect vegetation changes is through direct ground observations. However, detecting these changes across large areas would require a large number of research sites such as the Long Term Ecological Research sites over North America [6] . It is not feasible to scale data from isolated research sites up to the task of large-scale long-term continuous monitoring of vegetation activity. The most effective method to monitor vegetation across these scales is through satellite-based vegetation estimates.
Currently, the most appropriate way to estimate long-term changes in vegetation via satellites is through the Advanced Very High Resolution Radiometer (AVHRR) which has a nearly continuous record since July 1981 until present. Unlike newer sensors, AVHRR has only two channels that are used for vegetation detection; the near-infrared (NIR) and red (R) bands. The chlorophyll in vegetation causes a decrease in canopy reflectance from the R band and leaves are generally highly reflective in the NIR band. These bands have been combined into spectral indices that more directly relate to vegetation characteristics such as the Normalized Difference Vegetation Index (NDVI) [7, 8] . NDVI is the normalized ratio of NIR to R reflectance (N = (ρ NIR − ρ R )/(ρ NIR + ρ R )) and varies from −1 to 1 with values close to one indicating high vegetation content and values close to zero indicating no vegetation over bare ground. Materials such as water which absorb more radiation in the NIR than visible actually have a negative NDVI.
Research has shown strong relationships between NDVI and biophysical properties such as leaf area index (LAI) [9] , fraction of photosynthetically active radiation (fPAR) [10] , areal vegetation fraction [11] [12] [13] [14] , net and gross primary productivity [15] , chlorophyll abundance [16] , and biomass [17] . It should be pointed out that areas not covered by vegetation may still show variations in NDVI due to atmospheric variations such as water vapor and aerosols, soil conditions as well as sensor characteristics [18] . NDVI has been used to study large-scale vegetation change at the global scale [19] [20] [21] [22] [23] , Northern Hemisphere [24] as well as across the US and Mexico [25] [26] [27] . Furthermore, there have been several studies to explore large-scale interannual and seasonal dependence of satellite-based vegetation on climate [28] [29] [30] [31] as well as how vegetation feeds back to the atmosphere [26, 32] .
It is important to compare the interannual variability and trends of various NDVI datasets to help in the development of consistent long-term multisensor NDVI records [33] . While different AVHRR-based records have been compared to each other [34] [35] [36] and some of these records have been compared with newer sensors such as the Satellite Pour l'Observation de la Terre SPOT-VGT [37] [38] [39] [40] and Moderate Resolution Imaging Spectroradiometer (MODIS) [23, 37, 39] , new long-term NDVI records have been developed recently (NDVI3g, VIP, STAR) that should improve over previous generation NDVI datasets (NDVIg, PAL, FASIR) and there is now a need to compare these datasets to datasets from newer sensors such as MODIS and SPOT.
The purpose of this study is to compares four long-term AVHRR-based NDVI datasets (NDVIg, NDVI3g, STAR, VIP) with MODIS and SPOT NDVI datasets for the common period (from 2001 to 2008) and evaluate the interannual variability of the four long-term datasets over their common period from 1982 to 2008. Following previous regional studies [25] [26] [27] , we focus on the western and central United States and Mexico that cover many biomes including tropical forests, arid and semi-arid regions, and temperate deciduous and evergreen forests. This study attempts to answer two questions: How consistent are the NDVI data from various groups? How does vegetation vary interannually according to these NDVI datasets?
Furthermore, recognizing some of these datasets have very different NDVI values, simple methods to create self-consistent records need to be explored such as converting NDVI to a biophysical variable such as the green vegetation fraction (GVF) [11, 41, 42] . In this study, we will also analyze the effectiveness of GVF in homogenizing the NDVI datasets and providing more consistent long-term vegetation phenology trend analysis. Two additional questions will be addressed: How can we adjust NDVI data from various sources to make them more consistent? How does interannual variability of vegetation change after NDVI is adjusted?
Data and Methods

Satellite Sensors
The NDVI datasets used in this study are derived from 3 different satellite sensors. While NDVI is derived from the red and NIR bands on these sensors, each sensor has a different spectral response function (SRF) associated with each band and have varying sensitivities to vegetation. In the red band, the optimum sensitivity to vegetation is between 660 and 680 nm [43] and variations in the SRF of the red band can influence NDVI [44] . The NIR band is even more sensitive to vegetation with the optimum range from 840 to 880 nm. Two regions surrounding this range; one from 820 to 830 nm and the other from 900 to 980 nm are significant water vapor absorption regions and water vapor in the atmosphere can reduce the NIR signal reflected from vegetation thereby reducing NDVI if the sensor NIR band is sensitive to these regions [45] .
The Advanced Very High Resolution Radiometer (AVHRR) sensor's main advantage is that it has a continuous record aboard the NOAA series of satellites beginning in 1981. However, it also has the weakness of having a broad SRF in the red band (580-680 nm) and the NIR band (730-980 nm); especially in the NIR band, resulting in less accurate vegetation estimates. Also, the NOAA satellites have some difficulty in keeping their orbits stable and therefore they may drift several hours local time over a period of several years; much more than newer satellites such as SPOT, Terra, and Aqua [46] .
The VEGETATION sensor (1 km) on the Satellite Pour l'Observation de la Terre (SPOT) satellite is a newer sensor (from 1998). The red band (610-680 nm) is narrower and more sensitive to chlorophyll content than AVHRR and the NIR band (780-890 nm) is also narrower but is still influenced by the weak water vapor absorption band (820-830 nm) [47] .
The Moderate Resolution Imaging Spectrometer (MODIS) (250 m; onboard Terra (2000 to present) and Aqua (2002 to present)) has the highest spectral resolution of the three sensors explored in this study (R: 620-670 nm; NIR: 840-880 nm) and has high sensitivity to vegetation content and avoids the water vapor absorption bands of the VEGETATION and AVHRR sensors [48] .
NDVI Datasets
There are seven datasets being used in this study that utilize at least one of the three sensors described above. The characteristics of these datasets are also described in Table 1 . These datasets are the NASA Global Inventory Modeling and Mapping Studies (GIMMS) group 1st Generation NDVI (NDVIg) [49] , the 3rd Generation GIMMS NDVI (NDVI3g) (improved version of [49] ), the NOAA STAR-NESDIS smoothed NDVI (referred herein as STAR) [50] , the SPOT VEGETATION NDVI VGT-S10 (referred to here as SPOT) [47] , two datasets from MODIS 16-day 1 km (MOD13A2 and MYD13A2) NDVI data from the Terra and Aqua satellites respectively [48] , and the Vegetation Index and Phenology (VIP) Version 2 global 15-day composite NDVI dataset [51, 52] . Aqua was only used to test against Terra but due to its limited time overlap with other products and its very similar behavior compared to Terra, detailed analysis and discussion of Aqua is not included. It should be noted that for MODIS Collection 5, the blue band has been degrading on the Terra satellite and has resulted in a negative NDVI trend bias [53] . While, Terra has not been used in this study for trend analysis, the comparison results between Terra and the other products may be different than the relationship between Aqua and these products. Three datasets (NDVIg, NDVI3g, STAR) use AVHRR data to compute NDVI, Terra and Aqua use MODIS and SPOT uses the VEGETATION sensor. VIP uses all three sensors to create a synthesis NDVI product; however, it mostly relies on AVHRR and MODIS. Four products (NDVIg, NDVI3g, STAR, VIP) are considered long-term NDVI records because each dataset uses data from AVHRR beginning in 1981. The other three datasets have been available for the past decade and provide a comparison between datasets based on newer and more reliable sensors and the long-term datasets based mostly on AVHRR. For the VIP dataset, poor quality data has been removed based on an extensive cloud cover and aerosol analysis that considers annual, seasonal and daily cloud patterns evaluated for each individual pixel, different land cover classes and latitudinal bands. To provide continuity between AVHRR and MODIS data, quadratic equations were applied for AVHRR data separately for each NOAA satellite (Version 1) and linear regression equations were applied per vegetation class (Version 2; used in this study). Finally, an inverse-distance weighting scheme was used for filling in spatial gaps [52] .
The maximum-value composite (MVC) method [54] has been used to generate most of the NDVI datasets used in this study. This method reduces the influence on NDVI from clouds, spectral properties, resolution, and residual atmospheric effects that all act to reduce NDVI. Furthermore, this method often results in the same day being chosen for each pixel for different sensors [37] . However, this method does have a limitation in favoring high solar zenith view angles that may cause a high bias in some instances [55] . MODIS-based datasets use a modified constrained view MVC to correct for this effect.
NDVI Preprocessing
Each of the NDVI datasets were scaled to a spatial resolution of 0.125° latitude by 0. The original NDVIg and NDVI3g data were upscaled from an 8 km Albers grid and 1/12° geographic grid respectively to the 0.125° grid through an averaging of all polygons that intersected each 0.125° grid cell weighted by the degree area of each polygon inside each cell. The original SPOT and VIP were upscaled from a 0.01° and 0.05° geographic grid respectively to the 0.125° grid using a true area upscaling function (area_hi2lores) in NCAR Command Language (NCL) designed for geographically projected data. The MODIS Terra and Aqua data were upscaled from the 1 km Sinusoidal grid to the 0.125° grid by taking the arithmetic average of the NDVI data from each MODIS grid cell that was inside each 0.125° grid. This was deemed appropriate as there are over 100 MODIS grid cells per 0.125° grid cell. Finally STAR was downscaled from 0.144° to 0.125° using bilinear interpolation.
After all the datasets were scaled to the same spatial grid they were also interpolated to the same 10-day temporal grid using the fit grid tension spline algorithm (FITCURV) available in the NCAR Graphics library. Missing values in the middle of each year were filled using the interpolation spline from the remaining non-missing values, however, the 10-day period before the first non-missing value and after the last non-missing value in each year were set to missing to avoid extrapolation errors. While necessary for direct pixel-to-pixel comparisons, changing the temporal and spatial scale of these products could produce results different from each product's native resolution. Furthermore, the products being scaled to 10-days from longer time-periods (Terra-16 days, NDVIg/NDVI3g-bi-monthly, VIP-15 days) still should not be considered to have a temporal resolution higher than the original dataset.
Finally, all data were seasonally filtered according to the missing data mask from the SPOT files. The seasonal filter was calculated by setting to missing any pixel for any 10-day period that was missing for that 10-day period for any of the years from 2000 to 2010 in the SPOT NDVI data. This provides a conservative seasonal mask for each pixel which is mostly dependent on the climatology of snow and cloud cover. The mask is applied to the upscaled NDVI data for all datasets, over all years.
Following previous regional studies [25] [26] [27] , we focus on the North American Monsoon region that can be defined as broadly existing from 90°W to 120°W and 15°N to 35°N. To include more land cover types and climate regimes in our NDVI intercomparison, we expand the domain to cover the western and central United States and Mexico, extending from 85°W to 125°W and 15°N to 50°N. It will be a future task to intercompare these NDVI products over global land.
Definition of Phenology
Phenology was calculated on an annual basis for each pixel and follows the methodology of [27, 56] . The following metrics have been defined: maximum day of year (i.e., the day when the maximum NDVI occurred during the year), and the start, end and duration of the dominant (i.e., longest duration) greening period. For easy comparison with other land surface and atmospheric seasonality metrics, a greening period is simply defined as a period when the NDVI is greater than the midrange of the climatological NDVI annual cycle (i.e., min + 0.5 × (max − min)). Therefore, the start of the greening period is the first day that NDVI exceeds the midrange, the end of the greening period is the first day NDVI falls below the midrange and the length of the greening period is the difference between the two dates.
Analysis Methodology
The comparison methodology includes four parts. First, the basic relationship between the NDVI of six datasets (NDVIg, NDVI3g, STAR, VIP, SPOT, Terra) were intercompared over the common time-period from 2001 to 2008. Three types of linear regressions were performed between each pair of datasets: (1) a general regression using all 10-day periods from 2001 to 2008 for nine select point locations (see Section 3.2) corresponding to various biomes; (2) the temporal regression between each pair of datasets for each pixel (not water or snow/ice) to determine how the relationship between datasets varies in space for NDVI; and (3) the spatial regression over all pixels (not water or snow/ice) of the 10-day time period for one dataset against the same 10-day period for another dataset for each dataset pair to create time-series of annual averages of the 10-day spatial correlation and regression slopes. For all regressions, an orthogonal regression was performed [34] that assumes the error variance of the dependent and independent variables are equal whereas the traditional least squares regression assumes that the independent variable has no error associated with it [57] . Furthermore, the mean and range (maximum-minimum) of the annual maximum NDVI (N p,max ) from the 6 datasets spanning 2001 to 2008 were compared for each IGBP vegetation class.
Second, the trends of the four long-term datasets (NDVIg, NDVI3g, STAR, VIP) were intercompared to understand how vegetation abundance and phenology are changing and if changes are consistent across products. First, the long-term significant linear trends at the 95% level (p < 0.05) were calculated for N p,max for each dataset for each pixel. Next, the phenology of NDVI was calculated for each year and dataset for start, end and duration of greening season. Furthermore, significant trends in these metrics were computed at the pixel and land cover class level. In addition to the 95% statistical significance, the results are also filtered to include only those pixels whose dominant greening period occurs at nearly the same time each year. Most of the pixels excluded from the analysis were from arid and semi-arid areas in the Southwest US, southern Texas and northern Mexico as well as broadleaf evergreen areas in the tropical forests of southeastern Mexico.
Third, the green vegetation fraction (GVF) methodology from Zeng et al. [41] (to be discussed in detail in Section 3.3) will be introduced as a method to homogenize the datasets, and the same analysis used to intercompare the six NDVI datasets was also completed for the transformed GVF datasets.
Finally, the phenology of GVF was calculated in the same way as the phenology of NDVI and the change in phenological trends between NDVI and GVF were analyzed for each long-term dataset.
Results
NDVI Intercomparison
For the regression using all time periods over the 9 locations between 2001 and 2008, the correlations are higher than 0.9 between all products; however variations in correlations do exist ( Figure 1 ). As expected the SPOT NDVI is correlated highest with Terra (0.97) as the sensors behind these two datasets have a higher spectral resolution and the NIR and red bands were designed for more appropriate vegetation monitoring than the AVHRR sensor. The NDVI datasets based on these sensors have also been shown to be more highly correlated to high-resolution ground-based [39] and Landsat NDVI [36] than the AVHRR-based NDVIg. There are also variations in the regression slopes between the products. Most comparisons between datasets have slopes near 1. Terra, VIP, and NDVI3g tend to have higher values compared to SPOT, NDVIg, and STAR. Even though the slope between Terra and NDVI3g is greater than one, the y-intercept indicates that NDVI3g has on average slightly larger NDVI values, which is consistent with results from Fensholt and Proud [23] . STAR NDVI values are substantially lower than all other products, because STAR is the only AVHRR-based dataset that has not been adjusted to match the range of MODIS as has been done with NDVIg, NDVI3g and VIP.
Past research has shown that while AVHRR [58] and SPOT [38] ground-based NDVI sensors correlate very highly with MODIS sensors, the satellite-based correlations are lower and regression slopes exhibit large departures from one, suggesting that atmospheric correction is not as robust for the AVHRR and SPOT satellite-based NDVI than MODIS satellite-based NDVI. The lower correlation of STAR with Terra than those of NDVIg and NDVI3g with Terra could be due to a lack of atmospheric corrections used in STAR.
The general relationships shown in Figure 1 vary significantly in space ( Figure 2 ). In general, most individual points have a correlation lower than what was found in the 9-point correlation in Figure 1 . While there are large areas with high correlations between products above 0.90, there are also locations where correlations are much lower. All products tend to have lower correlations when compared to Terra from the Rocky Mountains westward in the United States and in the evergreen broadleaf forests of southeastern Mexico. The three products based purely on AVHRR NDVI (NDVI3g, NDVIg, and STAR) have lower correlations with Terra over the Gulf Coast of the United States and northeastern Mexico. Based on the combination of AVHRR and MODIS data, VIP shows higher correlations in these areas than the other three AVHRR-based products, particularly over northeastern Mexico and the Southwest US SPOT shows the highest correlations of all products east of the Rocky Mountains, in the Southwest US and in the northern two-thirds of Mexico. Previous research suggests similar spatial variations in correlation and regression slopes between NDVIg and MODIS [37] and between NDVI3g and MODIS [23] . However the analysis of Fensholt and Proud [23] showed slightly lower correlations over the northern Rocky Mountains of the USA.
While the correlations for NDVI between each product and Terra were relatively similar, the regression slopes are quite different in their spatial patterns ( Figure 2 ) consistent with the differences seen in Figure 1 . NDVI3g has a greater area of slopes less than one than area with slopes greater than one, but there are very high slopes greater than 2 over some areas (e.g., mountainous areas along the west coast of the US, the Mogollon Rim in northern Arizona, and parts of southeastern Mexico) which is consistent with recent research [23] . NDVIg has a similar spatial pattern except for lower slopes (less than 0.5) in parts of the Mexican Plateau, southern Texas and the southeastern US There is a smaller area of slopes greater than 2 or less than 0.5 from SPOT and VIP than from NDVIg or NDVI3g indicating that the relationship of SPOT and VIP with Terra is more uniform in space than Terra's relationship with NDVI3g and NDVIg. Additionally, over most of the area, the slope of the relationship between STAR and Terra is less than 1. There are also significant temporal changes in the relationship between products. Figure 3 shows that the spatial correlations for NDVI (blue) remain above 0.85 over all times among all products and above 0.95 among VIP, SPOT, and Terra. The correlations between STAR and all other products are the lowest, and they also show a negative trend with time. The reasons for these trends are unknown at present and need to be explored in the future. Also, there are seasonal variations in correlations (not-shown) that generally show a late spring-summer maximum and a late fall-winter minimum. Figure 4 shows how the spatial regression slopes in NDVI changed from 1982 to 2008 between the four long-term datasets. NDVIg and NDVI3g have a fairly stable relationship through time, because they are different versions of the product from the same group. VIP shows strong interannual changes in the regression slopes with both NDVIg and NDVI3g. The strongest changes coincide with a change from using AVHRR data to using MODIS data in the year 2000. Between 2001 and 2008 the relationship between VIP and NDVIg and NDVI3g is virtually the same as the relationship between Terra and NDVIg and NDVI3g (shown by green line) which is evidence of the strong relationship between VIP and MODIS. Also, consistent with Figures 1 and 2 , STAR has very low regression slopes with the other 3 datasets.
The interannual mean and range of N p,max is explored in Table 2 . Also, the mean and range of the maximum annual green vegetation fraction (MGVF) is shown and will be discussed in Section 3. NDVI3g has both the lowest interannual range for all land pixels as well as lower ranges for most land cover classes. Furthermore, NDVI3g has better calibration and inter-sensor alignment than NDVIg and this is likely one of the reasons for the lower interannual variability [59] . 
NDVI Trend Intercomparison
The trends of N p,max and NDVI phenology are compared to determine how effective the long-term datasets are in detecting vegetation trends. (Figure 5a ). Past studies analyzing long-term changes in NDVI-based vegetation abundance across the area vary based on the dataset being used as well as the method of estimation. For instance, Forzieri et al. [27] using NDVIg shows a strong significant increase in N p,max over areas of N. Central Mexico that are not apparent in NDVI3g from Figure 5a or VIP and STAR (not shown). Several studies agree with increasing annual NDVI in the border region of North Dakota, eastern Montana and Canada [36, 60, 61] . Furthermore, Beck et al. [36] found large disagreements between various AVHRR-based long-term NDVI datasets over the Southeast US and lower Missouri Valley region, suggesting that care should be taken in interpreting trends in these areas. De Jong et al. [61] showed that nearly all pixels across US/Mexico have seen at least one major change in trend. (Figure 5c ). There are also trends in the western Great Lakes region and Dakotas outside of the corn belts towards a longer greening period as well, whereas over the Corn Belt the season is decreasing in duration. Over Mexico, there are no obvious areas of significant trends but most significant pixels suggest an increase in season duration. Results from Fensholt et al. [59] suggested that over North Dakota and South Dakota the maximum NDVI is increasing while the greening period duration is decreasing due both to delayed start and earlier end. These results are similar for the eastern Dakotas in our results in the northwestern portion of the Corn Belt. This might be the result of expansion of corn into this area which generally has a shorter greening period than natural areas. Jeong et al. [62] depicted a delayed onset over the Upper Midwest and central Plains, which is similar to the results presented here. However, our results tend to be more restrictive in the significance test masking more areas. For end of season most temperate areas over the US except the Corn Belt show delayed end of season and the duration of season is getting longer in the areas of delayed end of season. This result is mostly due to warmer summer and autumn temperatures. Julien and Sobrino [20] studied trends in phenology using a double logistic function fit to each year's annual cycle and shows similar results with a few areas showing up as significant that are masked areas in this study. Figure 6 shows histograms of the difference between each dataset and NDVI3g for the same NDVI-based phenology trends discussed for Figure 5 . For all four phenology variables NDVIg doesn't have a strong apparent bias in trends compared to NDVI3g but there are still many pixels with large differences. VIP and STAR each has a positive trend difference for N p,max compared to NDVI3g. Regarding onset, VIP and STAR are nearly identical with trends towards earlier onsets than NDVI3g. The retreat is the opposite where both VIP and STAR have more delayed end of season dates than NDVI3g. The difference in trend for duration of season tends to integrate both the earlier start and delayed end of season for VIP and STAR, resulting in a positive trend difference of around 1 day per year. Despite these clear differences there is still a large range of differences, suggesting that many pixels for each product have both more positive and more negative trends for each phenology variable. The change in NDVI-based phenology per land cover class for each product is shown in Table 3 . For N p,max , only cropland shows significant and unanimous increases over the past 27 years among the four products. The only other category that has unanimous agreement is grassland which only has one significantly increasing dataset. There is also broad agreement in a general increase in N p,max averaged across all land classes. Trends in the start of season are inconsistent across most classes with some consensus over a delayed start over the open and closed shrublands and an earlier start over deciduous broadleaf, mixed cropland vegetation and wetlands. The trends over semi-arid areas should be interpreted with caution since these areas have a multi-modal annual greening cycle. The end of season shows a general consensus over the total of all classes and most individual classes of a delay in the end of season. Mixed forest, deciduous broadleaf, woody savannah and wetland classes show unanimous significantly delayed ends to the greening period. The duration of season for most classes is trending towards longer seasons and is impacted most strongly by the end of season although there is weaker agreement. Jeong et al. [62] showed a general result that while Europe and Asia have seen more balanced increases in duration of greening period with earlier onsets and delayed senescence, the US has seen most increases in season duration due to a delayed end of season. This agrees well with our study in the forested areas of the lower Mississippi Valley, the Southeast US and the western Great Lakes region.
The current NDVI comparison was performed using version 2 of the VIP dataset. The new version (VIP V3) has recently been released (December 2013) and has addressed problems associated with higher NDVI in sparsely vegetated areas prior to 2000. It has also addressed gap filling issues over areas that are covered with snow during the winter and has reduced NDVI error by around 2% in the summer maximum NDVI signal [63] . Future work should compare the version used here (V2) with the new version (V3) to determine how our analysis would change.
Calculation of Green Vegetation Fraction
The analyses of NDVI datasets and interannual phenology trends in Sections 3.1 and 3.2 show that there are significant differences in mean value and trend between the various datasets. While the easiest way would be to interpret these differences as the uncertainties of these datasets, a more interesting question is: Can we find a way to reduce these uncertainties? Here we address this issue using the Green Vegetation Fraction (GVF) algorithm from [41, 42] that is dependent on land cover type and is independent of spatial resolution of the data: (1) where N is the NDVI for each pixel and time period, N s is the bare ground NDVI computed annually and N c,v is the NDVI that corresponds to 100% GVF calculated annually for each land cover. The MODIS 0.5 km Land Cover (MCD12Q1) from 2004 was upscaled to the 0.125° grid and the most frequent type of all MODIS pixels within each coarse grid cell was used as the land cover type. shrubland and barren is prescribed the N c,v of the closed shrubland class because these classes may not have any pixels that have reached full capacity or 100% GVF. The value of Nc,v, particularly for forest classes, was shown to be insensitive to percentile used in Zeng et al. [41] . N s is calculated as the 5th percentile of N p,max for the Barren class. Finally, GVF is constrained within 0 and 1. Physically, NDVI values greater than N c,v should represent vegetation with higher leaf area index (LAI) or healthier vegetation and not a higher areal coverage of vegetation. More details on the GVF computation are provided in [41, 42] .
There are three assumptions underlying this formulation of GVF. First, this method assumes that all seasonal changes in NDVI are due to changes in GVF alone or in the concurrent changes of GVF and LAI. Changes in NDVI are not only due to changes in the fraction of green vegetation, but also LAI, vegetation health among other factors. Therefore GVF should be understood as a combination of factors that lead to higher overall vegetation greenness. The second assumption is that the bare soil in each pixel can be represented by one value N s and the 100% GVF NDVI of each pixel can be represented by one value N c,v based on a pixel's dominant land cover. In reality, the area of a pixel that is not green vegetation can be represented by soil of different textures and soil moistures, leaf litter, and dormant vegetation. The green vegetation for a given land cover would ideally be represented by the same combination of vegetation for each pixel but in reality even within the same class the composition of vegetation would vary, not to mention that pixels often are composed of other non-dominant vegetation classes. This assumption would be most valid in the interior of a land cover class. The final assumption is that the interannual variations of N c,v and N s are due to spurious changes in NDVI that result from errors contained within the NDVI datasets and that they are not due to true changes in the surface NDVI.
In order to check for the temporal consistency in N p,max and validate the utility of calculating N c,v and N s separately each year, we analyzed the time-series of N c,v for each land cover category as well as N s for each of the long-term NDVI products from 1982-2008 (not shown). For the VIP product, jumps in N s as well as N c,v are evident and occur at the year 2000 when this product switches to using MODIS as the main source of information for NDVI. Prior to 2000, N s was more variable and averaged 0.12; whereas, afterwards, N s was stable and around 0.1. Decreases in N c,v were seen for evergreen needleleaf, shrublands, and grasslands, while increases were seen for deciduous broadleaf and mixed forests. Similar but less apparent jumps occur in other products as well at this same time including a noticeable increase in N s for NDVI3g from 0.05 to 0.08 and decreases in the N c,v of many land cover classes for STAR. Also, the interannual values of N c,v are much more stable for NDVI3g than the other three products. It's very challenging to identify the true variability of vegetation, the use of N c,v and N s each year helps to remove some of the spurious variability (jump) but a more rigorous approach is still needed to identify the true variability in the future.
In comparison to the original NDVI relationships between products shown in Figure 1 , nearly all of the derived GVF relationships are much closer to one-to-one ( Figure 7 ). On the other hand, all correlations between products were reduced slightly. This slight reduction is also evident in the time-series of spatial correlations for GVF in Figure 3 . Similar to Figure 7 , the time series of the spatial regression slope in GVF is much closer to 1 than that for NDVI itself (Figure 4) . Furthermore, the GVF relationship between VIP and NDVI3g is much more stable with time (than that of NDVI) and the relationship between VIP and NDVIg is slightly more stable, suggesting a correcting influence of GVF on relationships between products each year. Table 2 shows how the interannual mean and range in MGVF vary across the six datasets over all pixels for each IGBP land cover class. In comparison to N p,max which was discussed earlier, most land cover classes have a higher average MGVF. The largest increases were seen over the closed shrublands, savannah, and grassland classes. More importantly the MGVF across different datasets for each given class are much more uniform than N p,max , showing how well GVF normalizes the values. The interannual variation expressed through the range in Table 2 suggests reduced variation in MGVF for most classes in comparison to N p,max . The results from Zeng et al. [14] compare very similarly to Table 2 . The largest differences are in classes where there wasn't much data in this study such as savannah, closed shrublands, and wetlands which tend to have lower mean MGVF than this study. The ranges are also similar in most classes except larger ranges in open shrublands and barren classes. While the large range in this study is not surprising, it's uncertain why the global study of Zeng et al. [14] has reduced barren interannual variability. One possible reason is that areas of barren land throughout North America are fairly isolated and hence may include some very sparse open shrubland areas, whereas other areas on Earth such as Africa and Asia have large barren deserts that only change at the margins.
GVF to NDVI Trend Changes
Histograms of the difference between GVF-and NDVI-based phenology trends are shown in Figure 8 . Trends are more negative for MGVF than N p,max for all datasets (particularly VIP and STAR) (Figure 8a) . GVF-based trends in start of season tend to be more positive for VIP, STAR and NDVI3g (Figure 8b ) whereas for end of season they tend to be more negative (Figure 8d ). These result in more negative duration of season trends for GVF versus NDVI (Figure 8c ) and suggest that GVF-based phenology trends in duration of season are weaker than the original NDVI-based trends. In order to compare to the NDVI-based phenology, Table 4 shows how GVF-based phenology is changing per land cover class for each product. The differences between the NDVI-and GVF-based phenology trends (Tables 3 and 4 ) are large and similar in magnitude to the mean trend values. However, the overall results towards increased duration of season due to a delayed end of season over most vegetation classes remain the same for VIP, STAR, and NDVIg. For MGVF, deciduous broadleaf forests, mixed forests, woody savannah and mixed cropland-vegetation areas all have agreement on an increase in MGVF with at least 3 significant datasets (Table 4 ). While our study shows general agreement on positive trends in most vegetation classifications, the study of Zeng et al. [14] showed negative trends over evergreen forests, mixed forests and urban classes and positive and generally larger trends were seen over deciduous needleleaf, open shrubland, savannah, grassland, wetland and cropland classes. However, a direct comparison cannot be made since our study region only includes a small subset of the global analysis they completed.
Conclusions
In this study we have intercompared four long-term NDVI datasets and three shorter-term NDVI datasets based on newer sensors. The correlation between NDVI products based on the two new sensors (MODIS and SPOT) is higher than that between AVHRR-based products or between AVHRR-and MODIS/SPOT-based products. Most regression slopes are close to 1 among all products; however, STAR is consistently lower than all other NDVI datasets.
The spatial variation in temporal correlation shows that most areas are well correlated; however, lower correlations occur in arid and mountainous regions. There are also large spatial variations in regression slopes between various products but the patterns of these variations depend on the specific products being compared. Temporal variation in the spatial correlation of NDVI shows high correlations above 0.8 for the entire time period with the lowest correlations between STAR and other datasets. Long-term datasets show significant changes in regression slopes through time especially between VIP and other datasets due to VIP's changing dependence from AVHRR before 2000 to MODIS afterwards. With respect to land cover classes, there are significant inter-product differences in mean N p,max but interannual variation in N p,max is fairly low (0.02 to 0.04) for most vegetation classes with the exception of more sparsely vegetated shrublands, grasslands and barren areas.
Trend analyses of N p,max and NDVI-based phenology for the four long-term datasets suggest that trends in N p,max from NDVI3g are positive for most pixels with significant trends at the 95% confidence level. An increasing trend in duration of season mostly due to a delay in the end of season is apparent over much of the US east of the Rocky Mountains with the exception of agricultural areas such as the Corn Belt. Also, results suggest an earlier start of season over the Sierra Madre Occidental area of Mexico. Histograms of differences in NDVI phenology trends suggest VIP and STAR are characteristic of more positive trends in N p,max and duration of season than NDVIg and NDVI3g. However, there are still many pixels that show more negative trends as well, suggesting a lot of spatial variation in the difference of trends. In most temperate vegetation classes the trend is towards a delayed end of season across all products.
A method of normalizing NDVI using GVF was tested to determine if the GVF-derived datasets are better related and produce more uniform trends than the original NDVI datasets. The results showed that the change to GVF creates more one-to-one temporal and spatial relationships between products and long-term changes in these relationships are minimized compared to original NDVI relationships. Overall, there is a slight reduction in temporal correlation; however, spatial correlations increase between most products. When looking at different LC classes, MGVF is higher than N p,max , more uniform across different datasets and there is less interannual range.
In general, the magnitude of MGVF changes are reduced compared to N p,max changes east of the Rocky Mountains. Trends in both MGVF and GVF-based phenology are weaker and closer to each other across products than for NDVI. The results for trends in GVF-based phenology across LC classes are similar to NDVI-based trends but generally weaker with less agreement across datasets especially for MGVF trends.
There are a few implications that result from this study. Due to the high inter-product correlation and better trend agreement, more consistent conclusions are expected for vegetation studies over deciduous forest areas; whereas, over evergreen, arid and mountainous regions results are less reliable. Also, because there are still significant disagreements between different NDVI datasets and the derived GVF datasets regarding seasonal and interannual variability, one should be cautious in drawing any conclusions regarding the long-term trend of vegetation coverage and phenology if only one satellite-based vegetation dataset is used. However, it's not always practical to use multiple datasets. For studies that use a single dataset, important trends should be checked against some other form of data such as in-situ or modelled vegetation data [64] to confirm hypotheses. The transformation of NDVI into GVF using the method described here created more homogeneous datasets that can each be compared to physical model variables and provide multiple instances of validation to a single model. Furthermore, they can be used to force vegetation changes in models that don't have dynamic vegetation. Finally, while some work has been done on creating regional [65] and global [51] multi-sensor NDVI synthesis products, in order to create datasets more capable of validating and calibrating dynamic vegetation models, the goal of the satellite vegetation community should be to create a vegetation dataset that estimates real vegetation quantities such as green vegetation fraction, vegetation health, leaf area index, fPAR and biomass, and identifies the uncertainty of all values for each time period and pixel once systematic errors have been removed.
While the current study broadly compared several recent NDVI datasets and the usefulness of GVF in homogenizing them, a series of more targeted studies need to be undertaken to fully understand the differences that exist between various datasets. The most important limitation of this study is that there was no validation against data that could serve as a -ground truth‖. In order to make a value judgment on how well each product performs under various situations, future studies should validate datasets against in-situ vegetation measurements, flux tower observations, and high resolution remote sensing including satellite images and field scale photography. Possible underlying reasons for dataset differences need to be explored, including different methods of correcting atmospheric effects such as water vapor, clouds and aerosols, different spatial and temporal compositing methods used, different spectral response functions of the sensors, and orbital and sensor degradation.
Another limitation to this study was the simple threshold-based phenology detection. A more robust methodology is needed to track phenology changes in arid and evergreen areas which often have multiple growing seasons, limited seasonal vegetation range, and interannual variations in vegetation that can be stronger than seasonal variations. A more critical analysis of trends and the interannual variability of datasets is needed. Are interannual trends linear or are these trends changing over time? Do datasets have similar modes of variability? Furthermore, the root cause of such variability needs to be determined separating out real vegetation variations from those due to systematic errors or uncertainties in the datasets. Variability of these datasets should be compared to ground truth as well as modelled vegetation variability driven by observed climate changes, fires, diseases and land-use change.
A good understanding of the causes behind interannual variability will also help in determining the best method of computing the GVF and/or other biophysical variables based on satellite vegetation indices. In future studies the GVF should be based on N c,v and N s derived from histograms of N p,max for all pixels across the globe for each land cover class rather than the regional data used here. Furthermore, experimental work is needed to determine the true relationship between GVF and NDVI, and how vegetation NDVI and bare soil NDVI vary in space and time, using data from the highest resolution to the coarser satellite data used in this study.
